Lean or ultralean combustion is one of the popular strategies to achieve very low emission levels. However, it is extremely susceptible to lean blow-out (LBO). The present work explores a Crosswavelet transform (XWT) aided rule based scheme for early prediction of lean blowout. XWT can be considered as an advancement of wavelet analysis which gives correlation between two waveforms in time-frequency space. In the present scheme a swirl-stabilized dump combustor is used as a laboratory-scale model of a generic gas turbine combustor with LPG as fuel. Various time series data of CH chemiluminescence signal are recorded for different flame conditions by varying equivalence ratio, flow rate and level of air-fuel premixing. Some features are extracted from the cross-wavelet spectrum of the recorded waveforms and a reference wave. The extracted features are observed to classify the flame condition into three major classes: near LBO, moderate and healthy. Moreover, a Rough Set based technique is also applied on the extracted features to generate a rule base so that it can be fed to a real time controller or expert system to take necessary control action to prevent LBO. Results show that the proposed methodology performs with an acceptable degree of accuracy.
INTRODUCTION
Stringent emission norms have led to development of various technologies for low-NO x combustion. Lean or ultralean combustion is one of the popular strategies for achieving very low NO x levels. However, lean combustion is extremely susceptible to lean blow-out. In land-based applications like power station gas turbines, a blowout leads to a lengthy shutdown and relighting process, with consequent increase in maintenance cost and decrease in plant productivity and engine life. Lean blow-out may also be encountered in aero-engines. During rapid decelerations, sudden changes in throttle setting rapidly reduce the fuel flow rate but the slower transience of air flow is controlled by the rotational inertia of the compressor. This leads to lean fuel-air mixtures, which are extremely sensitive to load changes and changes in operating conditions like equivalence ratio.
The extreme susceptibility of lean fuel-air mixtures to blowout and its associated penalties call for development of strategies for early detection of imminent lean blowout and adoption of appropriate measures to mitigate it. Several researchers have addressed this issue primarily through characterization of the combustor dynamics near blow-out conditions. Fichera et al. [1] analyzed the dynamic behavior of a lean premixed gas turbine combustor experimentally for different equivalence ratios. The classification of the dynamic behavior of the experimental burner was based on the geometric properties of the attractors of the system variables. The dynamics of the time series of the flame were described by using vectors collecting information on the topological distribution of the attractors. Kohonen associative memory was used to divide the experimental operating conditions into different clusters according to the values of flame stoichiometric ratio. This result indicates the possibility of development of an algorithm for combustion-instability pattern recognition that takes into account the highly nonlinear effects underlying combustion processes. Fichera et al. [2] present linear and nonlinear analyses of experimental observations from a methane-fired laboratory scale combustor. The nonlinear analysis investigated the dynamic behavior of the system using deterministic chaos theory and demonstrated the existence of a chaotic source in the combustion system. Fichera and Pagano [3] applied neural network-based control techniques to suppress combustion instabilities using multilayer perceptron neural network. Chaudhuri and Cetegen [4, 5] investigated the blowoff characteristics of a bluff-body stabilized burner flame, representative of afterburners of gas turbine combustors in presence of spatial gradients in mixture composition and velocity oscillations. They used photomultiplier tubes with CH chemiluminescence filters to capture the optical signal and characterized the signal in the vicinity of blowout. For characterization, they applied continuous wavelet transforms (CWT) to the CH chemiluminescence data using complex frequency B-splined wavelet.
Daw and coworkers analytically and experimentally investigated the nonlinear dynamics associated with different combustion systems like pulse combustors [6, 7, 8, 9] and spark ignition engines [10, 11, 12] . Their model and experiments accounted for both the nonlinear deterministic dynamics of the system and stochastic fluctuations arising from other complex dynamic effects, not included in the low order dynamic model. Their studies revealed that the systems exhibited instabilities and global bifurcations that led to deterministic chaotic behaviour at equivalence ratios, close to the lean flammability limit. The chaotic behaviour was investigated qualitatively with the help of return maps of time series data and quantitatively with the help of symbolic statistics of time series data, following the approach of Tang et al. [13] . These investigations exploited the nonlinear characteristics of the system to control thermoacoustic instabilities and reduce UH and CO emissions by addition of small amounts of supplemental fuel.
Meier et al. [14] and Weigand et al. [15] characterized the thermoacoustic dynamics of a model gas turbine using different optical techniques. However, their study was focused more towards understanding of the basic interaction between the hydrodynamics and thermoacoustics of gas turbine combustors rather than developing strategies for prediction of blow-out. Lieuwen and coworkers [16, 17, 18, 19] used time series data from acoustic and optical sensors for early detection and control of lean blowout in gasand liquid-fuelled combustors. They used several techniques for detecting imminent blow-out. Nair and Lieuwen [18] compared the efficacy of spectral, statistical, waveletand thresholding-based techniques to detect blowout precursors. For statistical analysis, they used moving average kurtosis as it is sensitive to intermittent events. For thresholding approach, they identified certain events like the peak pressure falling below a certain threshold value. The number of such events was found to increase monotonically as the system approached extinction. For wavelet-based analysis, they used Mexican Hat wavelet and a customized wavelet that matches with the time series data of OH * chemiluminescence. Prakash et al. [19] devised control strategies based on optical and acoustic sensor data to mitigate lean blow-out. They used redirection of fuel to a pilot flame as the control action. Yi and Gutmark [20] developed several strategies for predicting lean blowout in gas turbine combustors in real time. Two indices, namely, the normalized chemiluminescence root mean square and the normalized cumulative duration of lean blowout precursor events, are recommended for lean blowout prediction. In a subsequent work, Yi and Gutmark [21] developed a strategy for prediction of onset of combustion instability based on computation of damping ratios of combustors using the model structure of a second order oscillator.
Mukhopadhyay et al. [22] and Datta et al. [23] investigated nonlinear dynamics of a thermal pulse combustor using modified version of a nonlinear unsteady well-stirred reactor model [24] . They used the dynamic signature of combustion under different operating conditions for early prediction of extinction. Gupta et al. [25] and Chakraborty et al. [26] used symbolic time series analysis for early prediction of extinction in a theoretical model of thermal pulse combustors similar to that of [22 -24] . They converted the time series data into a symbolic time series by phase space partitioning using wavelet transform. The wavelet space partitioning largely removes the difficulties of partitioning of high dimensional phase space and works very well in presence of noise [27] . The wavelet basis used for partitioning was gaus2 as this wavelet closely matched the nature of pressure oscillations.
A new approach using Cross-wavelet transform (XWT) based analysis for condition monitoring of different engineering systems has been recently developed and applied to health monitoring of high voltage systems [28, 29] . Cross-wavelet transform method, which may be considered as an extension of wavelet analysis, gives a measure of correlation between two waveforms in time-frequency domain. In the aforesaid works, some features are extracted from the cross-wavelet spectrum of two waveforms to make a judgment on the conditions of electrical insulation by employing a classification algorithm. Moreover, it has also been established in these works that XWT has an ability to nullify the effect of small random noises present in the data which are often introduced in measured time series during data acquisition [28, 29] .
As the problem statements in [28, 29] are topologically similar to that in condition monitoring of flame in combustion system, the objective of the present work is to explore an XWT aided rule based strategy on for early prediction of lean blowout. The method has been tested using the time series data obtained from a laboratory-scale combustor that can be used as an idealized representation of gas turbine combustors. The land-based gas turbines operate mostly on lean premixed mode while the aviation gas turbine engines have fuel injection much closer to the flame leading to partially premixed combustion. The current work explores the suitability of the LBO detection strategy for both premixed and partially premixed combustion.
EXPERIMENTAL SET-UP
Based on the earlier works of Williams et al. [30] , Meier et al. [14] , Nair et al. [16] , Chaudhuri and Cetegen [4] and Yi and Gutmark [20] , a swirl-stabilized dump combustor was designed as a laboratory-scale model of a generic gas turbine combustor. Experiments were performed on laboratory scale, lean premixed, swirl stabilized, atmospheric pressure, dump plane combustor, schematically shown in Fig.1 . The combustion air is supplied at ambient temperature from compressor to the bottom port provided on premixing tube and metered upstream of the combustor using calibrated mass flow controller (MFC) (Aalborg range 0-500 LPM). The fuel (LPG) is supplied from a pressurized cylinder fitted with needle valve to control the flow rate and metered upstream of the combustor by calibrated Aalborg mass flow controller (Range: 0-10 LPM.). To investigate the effect of premixing on flame dynamics, 6 side ports are provided 50 mm apart along the length of the premixing tube. This allows the fuel to be injected at different
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A cross-wavelet transform aided rule based approach for early prediction of lean blow-out in swirl-stabilized dump combustor axial positions of the premixing tube, thereby providing different premixing lengths. The ports are numbered 1 to 6 from the bottom of the premixing tube. Thus the fuel injected through Port 1 allows greatest premixing while Port 6 allows least premixing. The fuel is injected to one of the side ports of the premixing tube. Finally fuel-air mixture entered the combustor through an inlet swirler in the annulus around a centre body, located just prior to dump plane in the premixing section. The inner diameter of the premixing section is 2.3 cm, and the diameter of the centerbody is 0.8 cm. The inlet swirler has six vanes positioned at 60° to the flow axis. A quartz tube is provided in the combustion zone having internal diameter 6 cm. and length 20 cm. The quartz tube facilitates the optical diagnostics of the combustion. The line of sight heat release measurement of combustion was obtained by measuring the global chemiluminescence intensity from CH radicals of flame with photomultiplier tube (PMT) of Hamamatsu make (model 931A). The PMT is fitted with a 10 nm bandwidth filter centered at 432 nm to allow emissions from CH radicals (432 nm) alone to reach the PMT. This PMT has a built in amplifier to convert the current to voltage and operates from a 15v.DC source. The PMT output signal (voltage) is fed to National Instument PXI-1050 Chassis having built in 08 AI channel (NI-1125) signal conditioner module, subsequently the conditioned signal was digitalized and acquired to a personal computer using 16-bit, M-serise 6250 NI-DAQ device. A total of 65536 data (N) (i.e., 2 16 points) were acquired in each experiment using NI software LABVIEW 7.1 at a sampling rate of 5000 Hz. High-speed images of the flame under stable and near blow-off condition were obtained in order to better understand the phenomenology of the flame blow-off process. A camcorder (SONY, DCR-TRV 300) is used to capture the flame video. Later the images are captured from video at 30 frames per second (FPS). The global features of flame were examined using a color digital camera. The aperture, exposure times and focal length of camera could be independently controlled to get the correct results.
EXPERIMENTAL OBSERVATIONS
Experiments were carried out using LPG as fuel. A major reason for choice of LPG as fuel was that LPG consists of mainly propane and butane, which are the simplest hydrocarbons whose combustion exhibits chemical behaviour, flame speed, and extinction limits closer to the heavier and more complex hydrocarbon fuels [31] . In the experiments, at a given air flow rate, the fuel supply is gradually decreased to generate progressively lean reacting mixtures. A constant air flow rate ensures that the flow time remains practically constant. At relatively high equivalence ratio, the flame remains reasonably stable but as the equivalence ratio is reduced, the flame becomes increasingly unstable before it finally blows out at the lean blow out (LBO) limit. Fig. 2 -4 show the results for an air flow rate of 70 lpm and fuel injection through Port 1. Fig. 2 shows the sequence of flame images at an equivalence ratio of 0.81 when the condition is far from blow-out. Although there is some unsteadiness in the flame, the flame is firmly anchored at the base of the burner. On the other hand, Fig. 3 shows that at an equivalence ratio of 0.75, for conditions close to blow out, the flame is extremely unsteady and intermittently lifts off from the burner and moves downstream. The flame also undergoes partial extinction and reignition. lean case i.e. Φ = 0.75, the chemiluminescence intensity shows some relatively high amplitude bursts (unsteady events) with the signal going both below and well above the mean value and occasionally drops to near zero value. To illustrate this behaviour in detail, an exploded plot of these events is also shown. Often, these bursts or events are characterized by an almost complete loss of chemiluminescence signal quickly followed by intense emission from a imaged region. These bursts or events coincide with the occurrence of flame loss (extinction) and re-ignition events described in the video images. Corresponding results for other conditions are not shown here for brevity.
ANALYSIS OF RECORDED DATA 4.1. XWT based feature extraction
As stated earlier, cross-wavelet transform gives a measure of correlation between two time domain signals in time-frequency space. So, cross-wavelet spectrum finds the regions in time-frequency plane where two waveforms possess high common power. Though the detailed mathematical background can be found in [32, 33] , an overview of cross-wavelet transform is given below.
If x(t) and y(t) are two time domain signals, the cross-wavelet transform is defined as:
Here, W x (s, τ) and W y (s, τ) are the wavelet transform of x(t) and y(t), respectively, with respect to a mother wavelet Ψ(t). 's' and 'τ' are the usual 'dilation' and 'translation' parameters. In the present study Morlet mother wavelet [32] is considered. This choice of mother wavelet is purely dependent on the nature of the problem. In this case it has been found that the performance of the scheme using Morlet wavelet is better than other commonly used mother wavelets. However, depending on the problem some other mother wavelet may be chosen. c ψ is a constant, having value, . The Cross-wavelet spectrum is plotted using the magnitude of W xy and the phase angle, . Here, ¬{W xy } and ℑ{W xy } indicate the real and imaginary part of W xy respectively. In the present work the time series data of CH chemiluminescence for different equivalence ratios and that for the healthy flame (which is far from blow out and at the highest value of equivalence ratio investigated) are used to obtain the cross-wavelet spectra for a given flow rate and port position. The basic philosophy is that the healthy flame waveform is considered as a reference. Using XWT of this waveform with that of a flame of unknown condition a correlation between them is observed in timefrequency domain to identify whether the unknown flame is in healthy condition or not. So, in the present approach waveforms for different equivalence ratios and that for the healthy flame represent x(t) and y(t) respectively.
After getting the cross-wavelet spectra for various flame conditions some salient features are to be extracted from them. On the basis of those feature values a decision on the condition of the flame could be made. The equations of the extracted features are given below: 6. F 6 = "s" at peak of |W xy (s, τ)| i.e. |W xy (s, τ)| peak 7. F 7 = "t" at peak of |W xy (s, τ)| i.e. |W xy (s, τ)| peak
Five more features, similar to F 1 to F 5 , are also extracted from the phase angle φ(s, τ) data. They are:
The choice of the suitable features for a particular problem may be considered as a combination of trial-and-error and application of experience. The reason behind the choice of features, F 1 -F 12 , is that they represent salient features of the cross-wavelet spectrum and gave acceptable classification performance in [28, 29] . However, one may choose some other features such as, location of local peaks of |W xy | and φ(s, τ) surfaces, if any, or any other features from |W xy | and φ(s, τ) depending upon the nature of the problem. A schematic of the feature extraction process has been given in Fig. 5 . It can be observed from Fig. 5 , that the cross-wavelet spectrum is plotted for different 'sample instant' and 'scale'. Therefore, the x-axis is considered as 'Data Samples', which is related to 'time instant' and y-axis shows the 'Scale', which is related to the inverse of frequency. The color of the figure at a point shows the value of |W xy | at that time-frequency space. The color-bar given in the right side of cross-wavelet spectrum indicates the value corresponding to a color. Higher the value higher the common power at that time-frequency point.
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Figure 5:
Schematic for feature extraction procedure using Cross-wavelet transform.
Arrows in the spectrum show the phase angle. Black arrows shown in the crosswavelet spectrum, pointing towards right indicate "in-phase" (i.e. phase difference is zero) and arrows pointing left indicate "anti-phase" (i.e. phase difference is 180 degrees) conditions. In general, the angles made by the arrows with the x-axis (i.e. 'data sample' axis) indicate their respective phase angles. The 'U' shaped and black colored line shows the "cone of influence" (COI).
Study of the extracted features
As the motive of feature extraction is to determine the LBO limit depending on the values of the features, a close investigation on the variation of feature values at different operating conditions as equivalence ratios varying from 1 to LBO limit, flow rate varying from 70 lpm to 85 lpm and at three mixing conditions (port) has been carried out.
The scatter plots of different feature values in normalized form are shown in Fig. 6 . All of the combinations are not shown here for brevity. It is evident from manual inspection of these figures that feature values make different clusters for different equivalence ratios; some are distinct, whereas some are overlapped. Clusters are encircled in Fig. 6 . Formation of different clusters in the scatter plots indicate that some data are characteristically similar and some are not. Similar data belong to the same cluster; on the other hand, distinctly different clusters reflect completely diverse characteristics among those data sets. It is pertinent to mention here that only twodimensional scatter plots are investigated in Fig. 6 . Hence, overlapping of data in some feature space may be distinctly different in some other.
By manual observation of various combinations of scatter plots one can have some idea about the classification of the data. For example, in Fig. 6 (a) , the cluster containing LBO data sets gives feature values that characterizes blow out of the flame. Therefore, the data sets belonging to that cluster can be considered as the data of lean blow out or close to lean blow out condition. Similarly, the cluster with data which are far away from blow out indicates healthy flame conditions and the data sets belonging to this cluster characterizes a healthy flame. As the flame transits gradually from healthy to lean conditions, some clusters neighboring to the clusters of healthy and lean flame situations can also be observed, as shown in Fig. 6 (b) and (c). Data falling in these clusters can be considered as the data for moderate flame conditions. Thus, by manual observation of the feature values for various features in the scatter plots three different conditions of the flame have been identified, coarsely: i) Lean blow out, ii) Moderate and iii) Healthy. It is also observed that the feature values are not dependent on the flow rates and degree of fuel-air mixing (i.e. port position for fuel entry), because the feature values for different flow rates and port positions with same flame condition are belonging to the same clusters in the feature space.
However, if some control action is to be taken automatically on the basis of the flame condition then the condition is to be quantified by developing some rule base. Apparently it may seem from Fig. 6 that the rule base can be developed manually from those scatter plots. Hence, it is worth mentioning here that manual inspection in 2-D space does not reflect the complete interconnection of the features. Moreover, making decision rules by observing two or three features only, makes the rules weak, i.e. the rules are not 'robust'. In the context of the present problem, decision rules are not 'robust' means that they will either fail to detect NEAR LBO or give false alarm for 'NEAR LBO' with slight variation of other surrounding conditions like, flow rate etc. Therefore, to obtain a robust as well as optimal decision rules from a number of features, the interconnection should be investigated in multidimensional feature space. The dimension of the feature space in the present case is 12, which is equal to the number of extracted features. Manual observation in a 12 dimensional space is not possible, so multidimensional classifier algorithms are required to be employed.
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Rule-generation for decision making
To obtain a decision rule from the extracted features, a rule generation technique based on Rough set theory (RST) is used. 'Rule generation' is basically a problem of classification or characterization of some features. There are several classification algorithms in use, like Artificial Neural Network and Fuzzy logic based classifiers, Support Vector machines, Voting algorithms and evolutionary strategy based classifiers. The reason behind the choice of RST as the classifier is explained in the following paragraph. It is clear that there is no a priori knowledge regarding which features of the crosswavelet spectrum will be suitable in the present problem and can be considered for rule generation. The features (F 1 -F 12 ) are chosen on the basis of the experience of the previous problems [28, 29] . However, the number of features required in one problem may not be the same for the other. Hence, the data table obtained after the extraction of the twelve features may contain imprecise or superfluous information. Rough sets are well-suited for this kind of problems [34, 35, 36, 37] , because by applying RST a data table can be reduced in size by eliminating superfluous data and removing dispensable information or attributes from the table while keeping the indispensable ones.
The details of the theory and methodology of data reduction and rule generation from a data table using RST are already given in [34] and also described by the authors in [28, 29] . Therefore, all the mathematical steps and calculations are not shown in the present work to avoid the shifting of focus of the paper.
In RST, the columns of the data table are called 'attributes'. Attributes can be divided into two classes: i) Condition attribute, i.e. the parameters on the basis of which decision rules are to be generated; and ii) Decision attribute, i.e. the output decision or result of the rule base. In the present work the twelve features (F 1 -F 12 ) are the 'condition attributes' and the flame condition (Near LBO, Moderate or Healthy) is the 'decision attribute'. The rows are called 'objects', i.e. in this problem each of the recorded data sets at various flame conditions is an 'object'.
In the present study approximately 50% of the recorded data are used for rule generations and the remaining 50% are used to test those decision rules. The normalized form of the data table, used for rule generation, is shown in Table 1 . It may be noted here that the table is arranged sequentially according to the decision attributes. However, for brevity only a number of training data sets, chosen arbitrarily, are shown here. It has been found by applying RST that features F 2 , F 3 , F 5 , F 11 and F 12 are dispensable attributes, i.e. they carry superfluous information and can be removed from data table, whereas the seven features F 1 , F 4 , F 6 , F 7 , F 8 , F 9 , and F 12 , are indispensable. The reduced data table is shown in Table 2 . It can be seen from Tables 1 and 2 that the values of the features vary over a range for the same flame condition. Hence, to obtain a decision rule from these varying data sets some basic concepts of statistical data analysis has been employed. It is known that 95% confidence level defines a range of (mean value ± 2 × σ) for a set of data [38] , where σ is the standard deviation of the set. Therefore, for each indispensable feature at each flame condition the 95% confidence interval has been computed using the aforesaid relation. For example, if the mean value and standard deviation of feature F 1 for Near LBO flame condition are computed as F 1LBOmean and F 1LBOσ from Table 2 , then the corresponding range that is used in rule generation for F 1 at Near LBO condition is (F 1LBOmean ± 2 × F 1LBOσ ). Similarly, the ranges for other features at other flame conditions are also calculated. Using all these ranges three decision rules in "IF… THEN" format are obtained for three different flame conditions. The rules are given in Table 3 .
The performance of the rules is judged with the remaining 50% data, as stated earlier. Only indispensable seven features are extracted from the cross-wavelet spectra for each of the test cases and verified that whether they satisfies the decision rules or not. The performance of the proposed scheme is shown in the form of a confusion matrix, given in Table 4 . Results show that the proposed methodology performs with a reasonably acceptable accuracy. For a better understanding of the test results, various
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A cross-wavelet transform aided rule based approach for early prediction of lean blow-out in swirl-stabilized dump combustor Table 5 . Corresponding decision classes (i.e. 'Near LBO, 'Moderate' or 'Healthy') are also shown in that table with different shading. Therefore, each element in Table 5 indicates an 'object' of the test data set. From Table 5 , it is observed that for each column, which represents a different flow rate and extent of premixing, the transition between the different decision classes occur at similar values of φ/φ LBO . This observation clearly points to the robustness of the proposed method for detecting the proximity of the operating condition to lean blowout, which is the objective of this work. The earlier researchers had generally focused on only one class of combustors in respect of premixing. The development of a LBO detection strategy that is applicable to all classes of premixed flames is a major contribution of this work. Since practical combustors can experience widely different Near LBÔ (F 8 is within F 8LBOmean ± 2 × F 8LBOσ ) (F 9 is within F 9LBOmean ± 2 × F 9LBOσ ) (F 10 is within F 10LBOmean ± 2 × F 10LBOσ ) (F 1 is within F 1Moderatemean ± 2 × F 1Moderateσ ) (F 4 is within F 4Moderatemean ± 2 × F 4Moderateσ ) (F 6 is within F 6Moderatemean ± 2 × F 6Moderateσ ) 2^(F 7 is within F 7Moderatemean ± 2 × F 7Moderateσ ) Moderatê (F 8 is within F 8Moderatemean ± 2 × F 8Moderateσ ) (F 9 is within F 9Moderatemean ± 2 × F 9Moderateσ ) (F 10 is within F 10Moderatemean ± 2 × F 10Moderateσ ) (F 1 is within F 1Healthymean ± 2 × F 1Healthyσ ) (F 4 is within F 4Healthymean ± 2 × F 4Healthyσ ) (F 6 is within F 6Healthymean ± 2 × F 6Healthyσ ) 3^(F 7 is within F 7Healthymean ± 2 × F 7Healthyσ ) Healthŷ (F 8 is within F 8Healthymean ± 2 × F 8Healthyσ ) (F 9 is within F 9Healthymean ± 2 × F 9Healthyσ ) (F 10 is within F 10Healthymean ± 2 × F 10Healthyσ ) "^" = Logical AND operator conditions of partial premixing ranging from near premixed to nearly nonpremixed ones, such strategy can be very useful for early detection of LBO. It may be noted that although the method has been demonstrated using optical data, it is equally suitable for time series data obtained from other types of sensors like pressure transducers and hence has a very general applicability. Fig. 7 shows the distribution of mean and normalized root mean square (NRMS) values of the time domain CH chemiluminescence signal from the flame for 80 lpm flow through port-1. The wavelet predictions obtained in Table. 5 are also posted on the same plot indicating three zones. The figure shows that the "healthy" state of the combustor coincides with the range of φ/φ LBO for which the NRMS value of the time domain CH chemiluminescence shows a slow variation. On the other hand, for equivalence ratios identified as "moderate" and "near LBO" states, the NRMS value increases sharply.
Since Yi and Gutmark [20] identify a sharp increase in NRMS value as an indicator of imminent lean blow-out, direct correlation is observed between the observation of earlier researchers and the present approach. However, for quantifying the sharp change in NRMS, a value has to be identified for the ratio of NRMS values at the test condition and that at a condition far from the LBO limit. Yi and Gutmark [20] have suggested some value for this ratio but that value is valid for a specific combustor design, particularly with respect to premixing. On the other hand, the classification in this work has been derived considering different classes of premixing and is thus more general and robust.
It is pertinent to mention here that, development of such decision rules with acceptable degree of accuracy makes it possible to devise a real time controller on the basis of these rules. A controller can be programmed in such a way that when the flame condition transits from 'Healthy' to 'Moderate' according to the decision rules then some signal for caution can be sent by the controller. Moreover, some signal can also be sent to the actuator to initiate a mitigation action while the flame condition has reached 'Near LBO' from 'Moderate'. Thus the developed rule base can be integrated within some control loop to take necessary action in the Near LBO conditions.
CONCLUSIONS
In the present paper the applicability of a cross-wavelet transform based approach has been investigated for early prediction of lean blow out for swirl-stabilized dump combustor. The proposed method has come up with a rule base on the basis of recorded data to identify the flame condition. The training and test data sets comprise a wide range of operating conditions, particularly with respect to the extent of premixing. However, the transition between the different classes of flame health are found to occur at values of φ/φ LBO , which are nearly insensitive to the operating conditions like port position and flow rates. The development of a detection strategy that is uniformly applicable for all classes of partially premixed flames from near premixed to nearly non-premixed is a major contribution of this work. Results show that the developed rule base performs quite well in predicting the flame conditions.
